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How does expertise impact the selection of decision strategies? We asked airport customs officers and a novice
control group to decide which passengers (described on several cue dimensions) theywould submit to a search.
Additionally, participants estimated the validities of the different cues. Then we modeled the decisions using
compensatory strategies, which integrate many cues, and a noncompensatory heuristic, which relies on
one-reason decision making. The majority of the customs officers were best described by the noncompensatory
heuristic, whereas the majority of the novices were best described by a compensatory strategy. We also found
that the experts' subjective cue validity estimates showed a higher dispersion across the cues and that differ-
ences in cue dispersion partially mediated differences in strategy use between experts and novices. Our results
suggest that experts often rely on one-reason decision making and that expert–novice differences in strategy
selection may reflect a response to the internal representation of the environment.

© 2013 Elsevier B.V. All rights reserved.
1. Introduction

How does practice and experience with a task affect decision
making? The expertise literature offers two opposing views on this
question.1 On the one hand, it is commonly assumed that “skill is …

often an ability to deal with large amounts of information quickly and
efficiently” (Kahneman, 2011, p. 458). As a consequence, experts, by
virtue of their extensive familiarity with a domain, can rely on pattern
matching, whereas novices have to process the information in a more
piecemeal fashion (e.g., Chase & Simon, 1973; Gobet & Simon, 1996;
Klein, 1998). Accordingly, it has been argued that expert decision mak-
ing can be well described by models that integrate multiple pieces of
diagnostic information (i.e., cues) in a compensatory—andmaybe auto-
matic—fashion (e.g., Glöckner, Heinen, Johnson, & Raab, 2012; Phelps &
Shanteau, 1978; see also Glöckner & Betsch, 2008).
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On the other hand, some findings indicate the opposite. Specifically, it
has been shown that experts consider less information than novices, pos-
sibly because they are better able to distinguish relevant from irrelevant
cues and also have more knowledge about intercorrelations between
cues (Shanteau, 1992). As a consequence, compared to novices experts
may be more likely to rely on simple strategies that exploit cue hierar-
chies, have stopping rules, and thus can lead to noncompensatory deci-
sions. Initial evidence that experts rely on noncompensatory decision
strategies was provided by Garcia-Retamero and Dhami (2009). They
asked two groups with considerable expertise of house security (experi-
enced burglars and police officers) and a novice group (students) to
judge which of two residential properties is more likely to be burgled. It
emerged that the decisions of the two expert groups were best modeled
by a simplenoncompensatoryheuristic,whereas thedecisions of thenov-
ice group were best modeled by a compensatory strategy.

Despite this evidence for experts' reliance on simple strategies, it is
currently unclear how generally this result holds. Does it generalize to
domains in which experts make hundreds of decisions every day, often
receive explicit instructions on which cues to use, and receive regular
feedback on the quality of their decisions? Ettenson, Shanteau, and
Krogstad (1987) found no difference between experts and novices in
terms of the number of cues used in auditing decisions, which the
experts made on a daily basis. Our goal in this article is to model the
decision strategies of airport customs officers who screen passengers
for items such as illegal substances and dutiable goods. Customs
officers' decisions have substantial consequences. In 2010, for instance,
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Table 1
Positive (i.e., indicating a greater chance that the person is smuggling drugs) and negative
(i.e., indicating a lower chance that the person is smuggling drugs) values for the eight
cues.

Cue Positive value Negative value

Flight origin South America Europe
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smuggled goods confiscated at borders of the European Union totaled
more than €1 billion (European Commission Taxation and Customs
Union, 2012). Nevertheless, there is practically no systematic research
on the cues and cognitive mechanisms underlying customs officers'
decisions. In addition, we investigate a potential mediator of expert–
novice differences in strategy use. Specifically, given that the dispersion
of cue validities (which indicate how diagnostic a cue is) has been
found to be an important factor in strategy selection (Mata, Schooler,
& Rieskamp, 2007), we examine whether experts and novices have
different internal representations of the cue validity distribution and
whether such differences mediate differences in strategy use. Because
of their limited experience, novices might be more conservative in
their cue validity estimates, resulting in a less disperse distribution;
in such an environment, the use of a compensatory strategy is more
appropriate (Hogarth & Karelaia, 2007).

Finally, we address a possible confound in the study by Garcia-
Retamero and Dhami (2009). Their novice group was both consider-
ably younger and better educated than their expert group and also
had a rather different gender distribution. Given that, for instance,
age has been shown to be associated with an increased tendency to
rely on simple strategies (for an overview, see Mata et al., 2012),
these confounds may compromise the conclusion that the observed
differences in strategy use were due to differences in expertise.2 In
our study, the control group was closely matched to the expert group
in terms of age, education, and gender.

Wemodel expert and novice decisions using two prominent classes
of decision strategies. The first class comprises the weighted-additive
strategy (Payne, Bettman, & Johnson, 1993), according to which the
object with the higher sum of positive cue values, multiplied by their
respective cue weights, is chosen; and the equal-weight strategy
(Dawes, 1979), according to which the object with the higher sum of
positive cue values, with all cues weighted equally, is chosen. Both
strategies are compensatory in nature and represent straightforward
implementations of the notion that decisions involve the evaluation
of multiple cues. According to the view that experts often rely on
(automatic) processing of entire cue patterns (e.g., Klein, 1998),
their decisions should thus be best described by these compensatory
strategies. The second class of decision strategies is represented
by the take-the-best heuristic (Gigerenzer & Goldstein, 1996), a
noncompensatory, lexicographic strategy with limited search that re-
lies on a single cue to make a decision. Specifically, take-the-best in-
spects cues sequentially in descending order of validity and compares
the alternatives on these cues; inspection of cues is stopped as soon
as the alternatives differ on a given cue, and the alternative with a pos-
itive value on that cue is chosen (for an investigation of the neural un-
derpinnings of using take-the-best, see Khader et al., 2011). According
to the view that experts often rely on decision processes that exploit
cue hierarchies (Garcia-Retamero & Dhami, 2009), their decisions
should be best described by a noncompensatory heuristic. Because
existing empirical evidence for take-the-best is almost exclusively
based on artificial laboratory tasks (for an overview, see Bröder,
2011), support for use of take-the-best in the domain of customs deci-
sions would be an important demonstration that it can also describe
decision making in applied and more realistic settings (Lipshitz, 2000).

In addition to elucidating possible differences in the cognitivemech-
anisms underlying expert and novice decision making, our study also
contributes to a better understanding of the factors influencing strategy
selection. The idea that people have a repertoire of strategies at their
disposal has been criticized to the extent that it requires an additional
mechanism for selecting how to decide (e.g., Newell, 2005). Several
2 Garcia-Retamero and Dhami (2009) reported that within the expert and novice
groups, age and education were uncorrelated with strategy use. However, given that
age and education were rather homogenous within the groups, these correlations are
possibly restricted due to limited variability.
potential mechanisms underlying strategy selection have been pro-
posed, such as a deliberate trade-off between the costs and benefits of
a strategy (Payne et al., 1993), reinforcement processes (Rieskamp &
Otto, 2006), and factors arising froman interplay betweenmind and en-
vironment (Marewski & Schooler, 2011). To evaluate these proposals,
one important step is to map the boundary conditions of people's use
of different strategies—and expertise may be one such condition.

2. Method

2.1. Participants

For the group of experts, we recruited 31 customs officers (mean
age: 46.9 years, range 32–60) from two international airports in
Switzerland (Zürich and Basel). They were mostly male (28; 90.3%) and
had professional experience as customs officers of, on average,
15.7 years (SD = 10.1, range 2–39). All customs officers indicated their
highest educational attainment to be “Sekundarschule” (comparable to
high school) with additional vocational training. The novice group
consisted of 40 participants matched to the experts in terms of gender,
age, and education: they were mostly male (36; 90%), had a mean age
of 48.0 years (range 31–61), and like the experts, indicated their highest
educational attainment to be “Sekundarschule”with additional vocation-
al training. All participants received 10 Swiss francs as compensation.

2.2. Material and design

Based on interviews with the chief customs officer at a major inter-
national Swiss airport, we first identified eight passenger characteris-
tics that are potentially diagnostic for passengers smuggling drugs.
These characteristics were (in decreasing importance according to the
chief officer): flight origin, gender, nationality, age, amount of luggage,
eye contact with officer, clothes, and speed of gait. Moreover, we
identified which values on these cues would be more or less indicative
of a person smuggling drugs. The resulting positive and negative cue
values (indicating whether a person would be more or less likely to
smuggle drugs, respectively) for each cue are shown in Table 1.

We then created pairs of passenger profiles (consisting of positive
and negative cue values) that would allow us to discriminate
between the use of a compensatory versus a noncompensatory strategy.
In a first step, we selected from the total of 28 × (28 − 1) / 2 possible
pairs of profiles with 8 binary cues those pairs for which take-the-best
would make different predictions from both weighted-additive (using
linearly decreasing weights from .9, .8, etc., to .1) and equal-weight,
excluding cases where a strategy had to guess. In a second step, we
sampled randomly from the remaining pairs three sets of 15 pairs
each for which take-the-best discriminated on the first, second, and
third cue, respectively. This yielded a total of 45 pair comparisons.

Finally, we assigned the cues in the profiles to the verbal cues in
Table 1 according to the cue ranking of the chief customs officer. For
instance, a cue profile [1, 0, 0, 1, 1, 0, 1, 1] (with cues in descending
order of importance) translated into the following passenger profile:
Gender Male Female
Nationality Domestic Nondomestic
Age 20–40 40–70
Amount of luggage One bag Several bags
Eye contact with officer No Yes
Clothes Casual Business
Gait Hurried Normal
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flying in from South America, female, nondomestic origin, aged
20–40, with one bag, having eye contact with the customs officer, in
casual clothes, and with a hurried gait.

We asked participants to place themselves in the position of a cus-
toms officer at an international airport. They were presented with a
total of four tasks. In a decision task, they were shown the 45 pairs
of passenger profiles (see Fig. 1) and asked to indicate for each pair
which of the two passengers they thought would be more likely to
smuggle illegal drugs. The next task was a ranking task, in which par-
ticipants were asked to rank the eight cues in terms of their validity
for judging whether a passenger is smuggling drugs. In a cue validity
estimation task, participants were presented with the cues in the
order they had indicated in the ranking task and asked to provide a
continuous rating for how diagnostic each cue was for identifying a
drug smuggling passenger, using a scale from 1 (=not diagnostic)
to 100 (=highly diagnostic). (We used each participant’s responses
in the ranking task and the cue validity estimation task when deriving
the predictions of the different decision strategies; see below for
details.) Finally, in a confidence task, participants indicated their sub-
jective confidence in the accuracy of their validity ranking for each
cue using a scale from 1 (=absolutely uncertain) to 7 (=absolutely
certain). In addition, all participants provided demographic informa-
tion, and the officers also indicated the number of years they had
been working for the customs (i.e., their professional experience).

2.3. Procedure

All tasks were administered on a computer, presented in the order
indicated above. The order in which cues were arranged on the screen
was determined randomly in each trial. The tasks were self-paced and
participants took, on average, around 20 min to complete all tasks.

3. Results

3.1. Did experts and novices differ in their cue validity estimates?

In ranking the cues according to their validity, the experts showed a
higher consensus than the novices, Kendall's W = .55 (p = .001) vs.
Person 

Luggage

Nationality

Flight origin 

Gender

Clothes

Age

Gait

Eye contact with officer 

One bag

Domest

South Ame

Female

Casua

40-70

Norma

Yes

Your task as customs officer is to find illegal drugs
rather suspect to be carrying drugs and thus subm

Please indicate your decision by clicking on either

Fig. 1. Screenshot (translated into English) showing how the pairs of pa
.16 (p = .001). For instance, 30 of the 31 officers, but only 19 of the
40 novices estimated the “flight origin” cue to be the most important
one. Fig. 2 shows the mean validity estimate for each of the 8 cues.
Across the cues, the ordinal agreement between the experts' and the
novices' estimates was rather low, rs = .17 (p = .69). The
experts' ranking agreed more closely with the chief officer's
(see Method and Table 1) than did the novices' ranking (rs = .43,
p = .29, vs. rs = .14, p = .74). A mixed-design ANOVA with partici-
pants' cue validity estimates as dependent variable and group (experts
vs. novices) and cue (Cues 1–8) as independent variable (with the lat-
ter being a within-subjects factor) showed no main effect of expertise,
F(1, 69) = 1.4, p = .24, but both a main effect of cue, F(5.26,
363.13) = 28.9, p = .001, and an interaction between cue and group,
F(5.26, 363.13) = 15.6, p = .001. This indicates that the experts
and the novices differed in how they evaluated the individual cues.
In particular, the novices estimated the validity of the “gait” and
“eye contact” cues to be substantially higher than did the experts,
whereas the experts estimated the validity of the “flight origin”,
“nationality”, and “luggage” cues to be substantially higher than did
the novices (Fig. 2). Most importantly, the experts' distribution of the
estimated cue validities showed a more pronounced dispersion than
the novices', as measured by the standard deviation of each
participant's validity estimates across the cues: Ms = 27.5 (SD =
7.9) vs. 19.1 (SD = 8.4), t(69) = 4.28, p = .001. Among the experts,
professional experience was unrelated to cue dispersion, r = .10,
p = .59. Confidence in the validity estimates did not differ between ex-
perts and novices (p =.21) and is therefore not considered further
here.

3.2. Did experts and novices differ in strategy selection?

There were clear differences between the experts’ and novices'
decisions. In 20 of the 45 pair comparisons, the expert and the novice
groups differed in terms of the passenger picked by the majority
within each group. Moreover, across the 45 pairs of passenger pro-
files, the experts picked, on average, the same passenger 71.6%
(SD = 13.4) of the time, whereas for the novices that was the case
only 61.7% (SD = 6.5) of the time, t(44) = 4.33, p = .001.
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3 For this analysis, we collapsed the two compensatory strategies into one category
and eliminated the guessing category (to which one and five participants in the expert
and novice groups, respectively, were classified) as otherwise too many cells would
have expected frequencies smaller than 5, which can reduce the power of the χ2

analysis.
4 In additional analyses, we also considered the take-two heuristic in the strategy classi-

fication (Dieckmann & Rieskamp, 2007). Like take-the-best, take-two is a lexicographic
heuristic and searches cues in decreasing order of validity; but unlike take-the-best it
stops search only when two cues that favor the same alternative have been found. There-
fore, take-two’s information processing has both compensatory and noncompensatory
aspects. The distribution of strategy users when including take-two in the strategy classi-
ficationwas as follows. Among the experts, therewere 64.5%, 8.1%, 9.7%, 14.5%, and 3.2% of
participants classified as following take-the-best, take-two, weighted-additive, equal-
weight, and guessing, respectively. Among the novices, there were 33.3%, 16.3%, 20.8%,
22.1%, and 7.5% of participants classified as following take-the-best, take-two, weighted-
additive, equal-weight, and guessing, respectively. Note, however, that adding take-two
to the strategy classification leads to a decreased classification confidence: the Bayes fac-
tor for the classifications decreased to 4.15 and 2.47 for the experts and novices, respec-
tively. The resulting distribution should thus be treated with caution.
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Fig. 2. Experts' (i.e., customs officers') and novices' mean validity estimates of the different cues. Error bars represent ±1 standard error.
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To examine the strategies underlying the experts' and the novices'
decisions, we first determined, for each individual participant, the de-
cisions predicted by weighted-additive, equal-weight, and take-
the-best for the 45 pair comparisons. The predictions were based on
the positive and negative cue values (as defined in Table 1 and
coded as 1s and 0s, respectively) of the passengers in a pair. As de-
scribed above, weighted-additive multiplies the cue values by cue
weights. As cueweights, we used each participant’s subjective validity
estimates (as assessed in the cue validity estimation task). For
take-the-best's sequential cue inspection, we used each participant's
subjective cue hierarchy (as assessed in the ranking task). As the
strategies' predictions were based on subjective cue ranks and cue
validities, the percentage of critical items (i.e., where two strategies
made opposite predictions; recall that the items were selected such
that no strategy had to guess) varied across participants. For each
participant, there were on average 27.2 (SD = 9.8) items where
take-the-best and equal-weight made opposite predictions, 14.3
(SD = 11.0) items where take-the-best and weighted-additive made
opposite predictions, and 11.9 (SD = 10.0) items were equal-weight
and weighted-additive made opposite predictions.

The predictions for the individual strategies were then compared
to participants' decisions using a maximum likelihood approach
(see Pachur & Galesic, in press; for a model recovery test of this meth-
od, see Pachur & Aebi-Forrer, in press). Accordingly, we determined
for each participant i the goodness of fit of strategy k as

G2
i;k ¼ −2∑N

j¼1 ln f j yð Þ
h i

; ð1Þ

where fj(y) represents the probability with which a strategy predicts an
individual decision y on item j. That is, if an observed decision coincides
with the strategy's prediction, fj(y) = 1 − εi,k; otherwise fj(y) = εi,k,
where εi,k represents participant i's application error (across all N
pairs of passengers) for strategy k. For each strategy, εi,k was estimated
as the proportion of decisions that deviated from the strategy k's
prediction (which represents the maximum likelihood estimate of
this parameter; see Bröder & Schiffer, 2003). The lower the G2, the
better the model fit. Each participant was classified as following the
strategy to which her decisions showed the best fit (i.e., the strategy
with the lowest G2). If the G2 of the best-fitting strategy equaled or
was higher than the G2 of a guessing strategy (i.e., ε = 0.5), then the
participant was classified as guessing.
Which were the strategies that best described the experts' and the
novices' decisions? As Fig. 3 shows, the large majority of the experts
(64.5%) were classified as following the noncompensatory take-the-
best heuristic. The compensatory strategies weighted-additive (14.5%)
and equal-weight (17.7%), by contrast, played only a minor role and
were significantly less prevalent than take-the-best (weighted-
additive: z = 7.90, p = .001; equal-weight: z = 6.82, p = .001). As in-
dicated by a significant association between group (experts vs. novices)
and strategy (compensatory vs. noncompensatory), the distribution of
participants across the compensatory and noncompensatory strategies
differed between the expert and the novice groups, χ2 (1, N = 65) =
4.61, p = .05 (exact significance).3 In the latter, the majority of partici-
pants (52.9%) were classified as following one of the compensatory
strategies (equal-weight: 30.8%; weighted-additive: 22.1%), somewhat
more than in the expert group (32.2%), z = 1.74, p = .08. Compared
with the experts, considerably fewer participants in the novice group
were classified as following take-the-best, 34.6% (z = 2.50, p = .001).
A slightly larger proportion of novices than of experts was classified as
guessing (12.5% vs. 3.2%; z = 1.39, p = .16).4 Among the experts, use
of take-the-best (coded as: 1 = classified as using take-the-best; 0 =
classified as using a compensatory strategy) was weakly associated
with professional experience, r = .25, p = .17. Note, however, that
this correlation is potentially restricted due to high homogeneity in
strategy use (two-thirds of the experts were classified as following
take-the-best).



Table 2
Results of the bootstrap mediation analysis of the effect of expertise on the use of
take-the-best as mediated by the dispersion of the subjective cue validities.

Md 95% CI

A 0.42 [0.18, 0.62]
B 0.09 [−0.22, 0.42]
C 0.30 [0.03, 0.54]
c' 0.26 [−0.05, 0.54]
a × b 0.03 [−0.09, 0.20]
PM 0.11 [−0.51, 1.00]

Note: Path a indicates the association between expertise and cue dispersion, path b
indicates the association between cue dispersion and take-the-best use, and path c in-
dicates the association between expertise and take-the-best use. Path c' indicates the
association between expertise and take-the-best use controlling for cue dispersion.
PM is the ratio of the indirect effect over the total effect of expertise on the use of
take-the-best (see Shrout & Bolger, 2002, for details). CI = confidence interval.
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Fig. 3. Classification of experts and novices across the different decision strategies:
weighted additive (WADD), equal weight (EQW), take-the-best (TTB), and guessing.
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As a measure of classification confidence, we calculated a Bayes
factor (BF) for each strategy classification.5 A Bayes factor in the
range of 1 to 3, 3 to 10, and larger than 10 indicates anecdotal, sub-
stantial, and strong evidence, respectively, for the classification
(Jeffreys, 1961). Across participants (excluding participants classified
as guessing), the median Bayes factor was BF = 4.86, indicating sub-
stantial evidence, and it did not differ between the expert and novice
groups, p = .17 (as indicated by a median test).

3.3. Does dispersion of the cue validity estimates mediate expert–novice
differences in strategy selection?

Given that the experts were more frequently classified as following
take-the-best than the novices and that the cue validity estimates of
the former showed a higher dispersion, we examined whether cue dis-
persion might mediate the differences in use of take-the-best between
experts and novices. To that end, we conducted a bootstrapping medi-
ation analysis as recommended by Shrout and Bolger (2002). Table 2
shows the results (based on 10,000 runs).6 Most importantly, although
the 95% confidence interval of the weight for the indirect effect from
expertise to take-the-best use (i.e., a × b) included zero, there were in-
dications for a partial mediation. Specifically, when dispersion was en-
tered into a logistic regression predicting take-the-best use (using the
binary coding described above) based on expertise, this reduced the ef-
fect of expertise such that its 95% confidence interval included zero.
The PM ratio, quantifying the strength of mediation (Shrout & Bolger,
2002), was .11, indicating that about a tenth of the effect of expertise
on strategy use was mediated by differences in the dispersion of the
subjective cue validities. This analysis suggests that cue dispersion
might contribute to the expert-novice differences in strategy use but
also points to the operation of additional factors.

4. Discussion

Salthouse (1991) proposed that experts might be less constrained
than novices in combining and integrating information when making
decisions. Our analysis of the decisions of airport customs officers sug-
gests, by contrast, that experts prefer simple decision strategies that
rely on few cues and go without integration, whereas novices tend to
use compensatory strategies that integrate multiple cues. Among the
compensatory strategies, weighted-additive provided the worst
5 The Bayes factor is defined based on the Bayesian Information Criterion (BIC) dif-
ferences between the best-fitting and the second-best fitting strategy, BF ¼
exp − 1

2ΔBIC
� �

(for details, see Wasserman, 2000). The BIC for each strategy is defined
as BIC = G2 + k × log(n), with k being the number of free parameters (which equals 1
for all strategies) and n being the number of decisions.

6 As the outcome variable was binary, we used logistic regression and therefore es-
timated the path weights as described by MacKinnon and Dwyer (1993).
account of participants' decisions. This contradicts the claim that
much of people's decision making is based on an automatic weighted
integration process (Glöckner & Betsch, 2008).

Our results represent an important extension of previousfindings on
expert–novice differences in strategy use (Garcia-Retamero & Dhami,
2009) and also echoes evidence presented by Dhami (2003) that pro-
fessional judges sometimes rely on simple, noncompensatory decision
trees. Experts seem to rely on simple strategies even in a domain in
which they make hundreds of decisions every day and obtain regular
feedback (although this feedback may be incomplete; we turn to this
issue shortly). Moreover, the differences between experts and novices
hold when potentially confounding factors such as age and education
are properly controlled. Importantly, our results also provide some evi-
dence that the differences in experts' and novices' strategy selection are
to some extent adaptive. Relative to the novices', the experts' represen-
tation of the cue weight distribution is more skewed; and with a
skewed distribution of cue weights, the use of noncompensatory strat-
egies is more appropriate (e.g., Hogarth & Karelaia, 2007). The greater
reliance on a compensatory strategies by the novices is consistent
with findings from a more artificial inference task by Rieskamp and
Otto (2006), asking student participants to judge the creditworthiness
of companies; these authors observed that in the absence of experience
with a decision domain, people seem to have an initial tendency to use a
compensatory strategy, which in principle allows them to explore the
task more than does a noncompensatory strategy, that ignores cues
(see also Bröder & Schiffer, 2006).

Our study expands on previous research in several ways. First, to
our knowledge, it is the first investigation of decision making in the
customs domain. Second, it highlights the importance of not only con-
sidering the number of cues that expert and novice decision makers
use (as is often done in expert–novice comparisons, e.g., Phelps &
Shanteau, 1978; Shanteau, 1992), but also formally modeling the strat-
egies used to process these cues. Third, it illustrates how examining the
internal representation of the decision environment can reveal the po-
tentially adaptive nature of expert–novice differences in strategy use.
Finally, our results demonstrate that simple, noncompensatory heuris-
tics may be an important mental tool for inference even beyond artifi-
cially constructed laboratory tasks.

As described above, however, the differences in cue dispersion can
only partially account for the differences in strategy use. Other factors
shaping the experts' use of simple heuristics may be that customs of-
ficers have to make their decisions within a limited time frame and
under considerable workload (given the large numbers of passengers
generally passing through customs simultaneously). Such a situation
fosters reliance on simple noncompensatory strategies (e.g., Pachur
& Hertwig, 2006; Rieskamp & Hoffrage, 2008). The officers' use of
take-the-best in our study might thus to some extent also reflect a de-
cision routine spilling over from their professional work.

What are the implications of our results for current proposals of
the mechanisms underlying strategy selection? The association
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between strategy use and cue representation indicates that some of
the expert–novice differences may be couched within Marewski and
Schooler's (2011) cognitive niches framework, which proposes that
strategy selection arises from an interplay between mind and envi-
ronment. Specifically, the stronger differentiation in the experts' repre-
sentation of the cue validities (assuming that it stems from an
interaction with the environment) may represent a more appropriate
“cognitive niche” for the application of a lexicographic strategy such
as take-the-best than the novices’ less differentiated cue representation.
Second, to the extent that the experts' reliance on simple strategies also
reflects factors such as limited time or cognitive resources,more explicit
processes that trade off a strategy's cost against its expected accuracy, as
highlighted by Payne et al. (1993), may also play a role.

It should be highlighted that although experts and novices differed
considerably in terms of both strategy use and representation of the
cue environment, this does not imply that the experts' decisions (or
their cue representations) are more accurate. On the one hand, the cus-
toms officers showed greater consensus in terms of both their cue
ranking and their decisions. This suggests that they may also show
greater individual consistency, which has been linked to accuracy
(e.g., Goldberg, 1968, 1970). In addition, compared with the novices'
cue ranking, the customs officers' ranking agreed more with the rank-
ing of the chief officer, who according to internal airport statistics had
the highest “success” rate (in terms of detected infringements). On
the other hand, it is important to note that the officers operate in a
“wicked” learning environment (Hogarth, 2001). Specifically, they re-
ceive feedback only about the passengers they screen (not about the
passengers they do not screen). A further complication is that the
screened passengers are likely to represent a skewed sample of the
passenger population. This might make it difficult to learn the actual
predictive strength of the cues (Dawes, Faust, & Meehl, 1989; but see
Elwin, Juslin, Olsson, & Enkvist, 2007). Given these conditions, one can-
not exclude the possibility that the stronger consensus among the ex-
perts to some extent reflects shared erroneous beliefs about the cue
validities. Note that in her study on bail decisions by professional judg-
es, Dhami (2003) found that the simple decision trees on which the
judges seemed to rely were partly based on irrelevant information.
Such factors might explain why, although expertise is sometimes asso-
ciated with higher decision quality (e.g., Pachur & Biele, 2007), this is
not generally the case (as shown in the meta-analysis by Garb, 1989).
In fact, it has been shown that less knowledge can lead to better deci-
sions (Goldstein & Gigerenzer, 2002; Pachur, 2010).

Irrespective of the accuracy of the experts’ decisions, an interesting
issue for future research concerns the processes by which they learn
about the statistical structure of the environment. Additional inter-
views with the customs officers revealed that they are given no formal
instructions on how to proceed in conducting passenger checks and
that there are no statistics about the predictive strength of various
cues. However, there does seem to be considerable informal exchange
of knowledge and subjective experience among officers. Further stud-
ies could examine more closely how this knowledge is transmitted.
For instance, it is possible that customs officers communicate their ex-
perience in the form of simple checklists (e.g., noncompensatory deci-
sion trees, which have been discussed as useful and effective decision
aids; Katsikopoulos, Pachur, Machery, & Wallin, 2008).

Although there are practically no comparative studies of expert and
novice decision making that simultaneously consider both strategy use
and decision quality (see Ettenson et al., 1987; Garcia-Retamero &
Dhami, 2009), our results underline the potential value of such an ap-
proach (but note that due to the low base rate of smuggling, it may
be difficult to assess decision accuracy in the customs domain). Togeth-
er with other findings (Garcia-Retamero & Dhami, 2009), our analyses
add to the increasing evidence that, in contrast to common belief (e.g.,
Kahneman, 2011; Salthouse, 1991), intuitive expertise in decisionmak-
ing—at least in some situations—may not reflect the consideration of
multiple cues, but the use of simple heuristics.
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